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Abstract

Background Ovarian cancer (OC) is one of the most life-threatening cancers affecting women worldwide. Recent
studies have shown that the DNA methylation state can be used in the diagnosis, treatment and prognosis prediction
of diseases. Meanwhile, it has been reported that the DNA methylation state can affect the function of immune cells.
However, whether DNA methylation-related genes can be used for prognosis and immune response prediction in OC
remains unclear.

Methods In this study, DNA methylation-related genes in OC were identified by an integrated analysis of DNA meth-
ylation and transcriptome data. Prognostic values of the DNA methylation-related genes were investigated through
least absolute shrinkage and selection operator (LASSO) and Cox progression analyses. Immune characteristics were
investigated by CIBERSORT, correlation analysis and weighted gene co-expression network analysis (WGCNA).

Results Twelve prognostic genes (CA2, CD3G, HABP2, KCTD14, P13, SERPINB5, SLAMF7, SLC9A2, STC2, TBP, TREML2
and TRIM27) were identified and a risk score signature and a nomogram based on prognostic genes and clinicopatho-
logical features were constructed for the survival prediction of OC patients in the training and two validation cohorts.
Subsequently, the differences in the immune landscape between the high- and low-risk score groups were systemati-
cally investigated.

Conclusions Taken together, our study explored a novel efficient risk score signature and a nomogram for the sur-
vival prediction of OC patients. In addition, the differences of the immune characteristics between the two risk groups
were clarified preliminarily, which will guide the further exploration of synergistic targets to improve the efficacy of
immunotherapy in OC patients.
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bevacizumab for high-grade OC, after debulking sur-
gery and platinum-based chemotherapy [2-5]. How-
ever, the curative effect is still unsatisfactory due to
occult onset and no obvious early symptoms [4]. There-
fore, it is urgent to clearly clarify the pathogenesis of
OC and find more sensitive prognostic indicators, as
well as more effective treatment methods.

DNA methylation, one of the most prevalent types
of epigenetic modifications, has been shown to play
important roles in a variety of physiological and patho-
logical processes, including benign and malignant ovar-
ian diseases [6—8]. Recently, it has been reported that
DNA methylation status, as well as DNA methylation-
related genes, can be used in the diagnosis, treatment
and prognosis of diseases [9-11]. Meanwhile, DNA
methylation probes or methylation-related genes have
also been reported for the prognostic assessment of OC
[12, 13]. However, the predictive efficacy of these meth-
ylation related models is not particularly accurate, and
it is not clear whether there are other values in addition
to the prognostic value.

Immunotherapy is a promising therapeutic method
for the treatment of a variety of tumors [14]. For exam-
ple, immune checkpoint inhibitors have shown good
efficacy in the treatment of lymphoma and non-small-
cell lung cancer (NSCLC) [15, 16], and immune check-
point inhibitors combined with angiogenesis inhibitors
and other molecular targeted drugs have also shown
good efficacy in liver cancer and melanoma [17, 18].
Meanwhile, chimeric antigen receptor-T (CAR-T)
cell immunotherapy has also shown impressive cura-
tive effects for hematologic malignancies [19]. Never-
theless, the efficacy of immunotherapy for OC remains
limited [20, 21].

Recently, it has been reported that the DNA meth-
ylation state can affect the function of immune cells and
their response to immunotherapy in some tumors [22—
25]. Furthermore, it has also been reported that the effi-
cacy of immunotherapy can be enhanced by intervening
in the level of DNA methylation [26, 27]. However, the
relationship between DNA methylation and immune
cells in OC remains largely unknown.

In this study, a risk score signature was constructed
based on 12 genes that were significantly associated with
the prognosis of OC patients by systematically analyzing
DNA methylation data and transcriptome data. Next, a
nomogram combining the risk score and clinicopatho-
logical features was constructed for prognosis predic-
tion. Subsequently, we determined the difference in the
immune characteristics between the high- and low-risk
groups through comprehensive immune analysis, which
will guide the further exploration of synergistic targets to
improve the efficacy of immunotherapy in OC patients.
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Material and methods

Data acquisition and processing of the training cohort
TCGA ovarian serous cystadenocarcinoma gene expres-
sion data was measured by AffyU133a array (GPL96,
n=>593), as well as the corresponding DNA methylation
data (Infinium HumanMethylation27 platform, n=616),
were both downloaded from UCSC Xena (https://xena.
ucsc.edu/) as the training cohort. After intersection anal-
ysis, 575 samples (including 567 primary tumor samples
and 8 normal (non-tumor) ovarian samples) with both
DNA methylation data and expression data were selected.
For DNA methylation data, 21,676 probes without “NA”
results across all the enrolled samples remained. Next,
differentially methylated probes between tumor and non-
tumor samples were identified by the “limma” package in
R software [28]. Subsequently, Pearson correlation analy-
sis between DNA methylation data and expression data
of OC was conducted, and genes with a negative corre-
lation between expression levels and methylation levels
were identified as DNA methylation-related genes. All
methods were carried out in accordance with the Decla-
ration of Helsinki guidelines.

Functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses of
the DNA methylation-related genes were conducted by
the “clusterProfiler” package [29].

Acquisition and processing of the clinicopathological
features

The clinical data of the OC patients from the training
cohort were downloaded from the cBioPortal (https://
www.cbioportal.org/). A total of 484 patients with com-
plete clinicopathological data (including age, stage, his-
tological grade, longest dimension, tumor site, race and
survival data) and overall survival (OS) time greater than
one month were selected for further analysis. All of the
clinicopathological features were divided into two cat-
egories: age (> 60y, <60 y), stage (stage I-1I, stage III-IV),
histological grade (G1-G2, G3-G4), longest dimension
(>1 cm, <1 cm), tumor site (unilateral, bilateral) and race
(white, non-white). The clinicopathological features of
TCGA-OC patients are summarized in Table S1.

Screening of the prognostic DNA methylation-related
genes and the construction of risk score signature
Prognostic values of these DNA methylation-related
genes were evaluated by least absolute shrinkage and
selection operator (LASSO) method using the “glmnet”
package with “nfold=10" [30], “lambda.min” was used
to screen prognostic genes. Next, the prognostic genes
were further screened by univariate and multivariate
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Cox methods (Table S2), and then the risk score signa-
ture was constructed according to the most prognostic
genes (P<0.05) and their corresponding risk coefficients
calculated by Cox analyses (Table S3). Subsequently,
the prognostic value of the signature was evaluated by
Kaplan—Meier plotter curve and receiver operating char-
acteristic curve (ROC) analyses, which were performed
by the “survival’} “survminer” and “timeROC” packages
[31].

External validation of the prognostic value of the risk score
signature

Microarray data and the corresponding survival data of
OC patients from the GSE9891 (n=276) and GSE32062
(n=260) datasets were downloaded from the GEO data-
base (https://www.ncbi.nlm.nih.gov/geo/) as validation
cohorts [32, 33]. The prognostic values of the risk score
signature was further validated by these two GEO data-
sets by Kaplan—Meier plotter analysis.

Evaluation of the prognostic values

of the clinicopathological features

To further investigate the prognostic values of the clin-
icopathological features in OC patients, univariate and
multivariate Cox regression analyses were performed.
As a result, significant prognostic clinicopathological
features combined with the risk score were used for the
construction of the nomogram by the “rms” package in
R software. Clinical subgroup analysis was performed by
the “forestplot” package in R software.

Gene set enrichment analysis (GSEA) and immune analysis
GSEA was performed between the high- and low-
risk groups of OC patients in the training cohort using
the “clusterProfiler” package. Immune cell component
analysis was conducted by CIBERSORT, while immune
scores and tumor purity were calculated by the “esti-
mate” package [34]. Potential drugs targeting the prog-
nostic genes were screened preliminarily by CellMiner,
a web tool based on the NCI-60 cell line set(38). Sub-
sequently, functional modules in the two groups were
identified by weighted gene co-expression network
analysis (WGCNA) through integrated analysis of tran-
scriptome data and immune cell abundances data [35].
Next, interactions between immune cells and functional
modules were evaluated by correlation analysis. Before
integrated analysis, immune cells expressed as “0” were
removed, and the other 15 immune cells (memory B
cells, plasma cells, memory resting CD4 T cells, follicu-
lar helper T cells, regulatory T cells, gamma delta T cells,
activated NK cells, monocytes, MO macrophages, M1
macrophages, M2 macrophages, resting dendritic cells,

Page 3 of 14

activated dendritic cells, activated mast cells and neutro-
phils) were left for further WGCNA.

Quantitative real-time PCR (qPCR)

Six pairs of OC tumor tissues and corresponding peri-
tumor tissues were collected from the Department of
Obstetrics and Gynecology, The Second Xiangya Hos-
pital of Central South University. All experiments per-
formed in this study involving human samples were
approved by the Clinical Research Ethics Committee of
the Second Xiangya Hospital, Central South University.
All patients have signed informed consent in accordance
with the Declaration of Helsinki guidelines. Total RNA
was extracted from OC tumor tissues and corresponding
peri-tumor tissues using RNAiso Plus Reagent (TaKaRa,
Kyoto, Japan) according to the manufacturer’s instruc-
tion. The detailed procedures of qPCR were conducted
as previously described [36]. Specific primers used in
this study were synthesized by Tsingke (Beijing, China).
GAPDH were used as internal controls. Relative expres-
sion levels of each gene were calculated according to the
2AC method. The primer sequences are listed in Table
S4.

Immunohistochemistry (IHC) staining

Ovarian cancer tissues and corresponding peri-tumor
tissues were fixed in 10% formalin and embedded in par-
affin blocks, then cut into sections. The detailed proce-
dures of IHC were conducted as previously described
[36]. At the end of the first day, tissue sections were incu-
bated with primary antibody against CA2 (1:100, Pro-
teintech, 16,961-1-AP) at 4 ‘C overnight.

Statistical analysis

Statistical analysis was performed by R (version 4.1.0).
Log-rank test was used for survival analyses. The con-
tinuous variables between the two groups were compared
by t-test. Subgroup analysis was displayed as forest plots.
Hazard ratios (HRs), 95% confidence intervals (CIs) and
P-values were calculated by univariate Cox proportional
hazards models of each subgroup. P<0.05 was consid-
ered statistically significant.

Results

Identification of DNA methylation-related genes

The analysis flowchart of this study is shown in Fig. 1. By
comparing 567 tumor samples with 8 non-tumor sam-
ples, 3190 differentially methylated probes (P <0.05) were
identified (Fig. 2A). Next, correlation analysis was con-
ducted between DNA methylation data and expression
profile data, and significant gene-probe pairs (correlation
coefficient <0 and P<0.05) were selected to intersect with
the previously screened differential methylation probes.
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Fig. 1 Analysis flowchart of this study

Finally, 715 genes negatively correlated with methylation
level were identified as methylation-related genes.

Functional enrichment analysis

To further clarify the functional roles of the 715 methyl-
ation-related genes, enrichment analysis was conducted.
The biological process (BP) results were mainly enriched
in response to tumor necrosis factor, monosaccharide
metabolic process, regulation of leukocyte differentia-
tion, tumor necrosis factor-mediated signaling pathway,
etc. (Fig. 2B). The cellular component (CC) results were
mainly enriched in the apical part of the cell, apical
plasma membrane, secretory granule lumen, cytoplasmic
vesicle lumen, etc. (Fig. 2C). Molecular function (MF)
was mainly enriched in transcription coregulator activ-
ity, enzyme inhibitor activity, peptidase regulator activity,
symporter activity, etc. (Fig. 2D). For KEGG analysis, the
results were enriched in transcriptional mis-regulation in

cancer, AMPK signaling pathway, glycolysis, gluconeo-
genesis, p53 signaling pathway, etc. (Fig. 2E). The KEGG
module analysis results showed enrichment in glyco-
lysis, the pentose phosphate pathway, NAD biosynthesis,
V-type ATPase, the glucuronate pathway, etc. (Fig. 2F).

Construction and evaluation of the prognostic risk score
signature

Through LASSO screening of the 715 methylation-
related genes, 36 prognostic genes were selected (Fig. 3A,
B). Correlation analysis between the expression level of
these 36 genes and DNA methylation level is shown in
Fig. S1. Subsequently, univariate and multivariate Cox
regression analyses were conducted, and 12 prognostic
genes were used to construct a risk score signature for
prognosis prediction. The risk score was calculated as
follow: expression level of CA2 x 0.1345479+ expres-
sion level of CD3G x (-0.2689675) + expression
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Fig. 2 Identification and functional enrichment analysis of DNA methylation-related genes in OC. A Heatmap of differential methylation probes
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level of HABP2 x (-1.1382079) + expression level of
KCTD14 % (-0.1530112)-+expressionlevelofPI3 x 0.1185228+expres-

sion level of SERPINBS5 x (-0.2308773) + expres-
sion level of SLAMF7 x (-0.3947159)+ expression
level of SLC9A2x0.3721432+ expression level of

STC2 x(-0.3173046)+expressionlevelof TBP x 06366898+ expression

level of TREML2 x (-1.2285490) + expression level
of TRIM27 x (-0.4467591). According to the median
risk score, OC patients were divided into high-risk and
low-risk groups. The survival status and expression lev-
els of the 12 prognostic genes between the two groups
are presented in Fig. 3C and Fig. S2A. Next, we further
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verified the expression status of these 12 genes between
OC tissues and corresponding peri-tumor tissues of OC
patients in our center through qPCR (Fig. S3A). And the
expression status of the significantly overexpressed gene
CA2 in the high-risk group and OC tissues was further
validated by IHC at the protein level (Fig. S3B).

As revealed by the Kaplan—Meier plotter curve, the
high-risk group had a significantly poorer prognosis than
the low-risk group in the training cohort (Fig. 3D). The
independent prognostic values of these 12 genes were
further investigated and visualized in Fig. S2B-M. Sub-
sequently, the corresponding areas under the curves
(AUCs) of the 1-, 3-, 5- and 7-year time-ROC curves

were listed as 0.63, 0.74, 0.78 and 0.81, respectively
(Fig. 3E), which indicates a good prognostic efficiency of
this risk score signature. In addition, the red slope indi-
cates that the prediction accuracy of this model is gradu-
ally increasing from 1-year to 7-years (Fig. 3F).

Next, the prognostic efficiency of this risk score sig-
nature was further validated in two external validation
cohorts (GSE9891 and GSE32062). According to the best
cutoff value automatically calculated by the ROC method,
patients in these two GEO datasets were also divided into
high-risk and low-risk groups (Fig. 4A, B). As revealed
by Kaplan—Meier plotter curves, the high-risk group also
had a significantly poorer prognosis than the low-risk
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group in these two validation cohorts (Fig. 4C, D), con-
sistent with the result of the training cohort.

Evaluation of the prognostic values

of the clinicopathological features

To investigate the prognostic values of the clinicopatho-
logical features in OC patients, univariate Cox regression

analysis was performed. Features with P<0.05 (age and
stage) were further analyzed by multivariate regression
(Table S5). As a result, age (P<0.05) combined with the
risk score was used for the construction of the nomogram
(Fig. 5A). The results of calibration curves confirmed its
good efficiency for 1-, 3-, 5- and 7-year OS prediction
(Fig. 5B-E). To further elucidate the differences in the
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prognostic impact of different clinical subgroups, sub-
group analysis was performed. As revealed in Fig. 6A,
older patients (>60 y) had a significantly poorer prog-
nosis than younger patients (<60 y). The results of the
expression levels of risk scores between different sub-
groups showed that patients in the high-level stage had
significantly higher risk scores than those in the lower
stage, while there were no significant differences among
other clinical subgroups (Fig. 6B-G).

GSEA and immune analyses

To elucidate the functional differences between the high-
and low-risk groups, GSEA was performed. According
to the results, we found that there were significant dif-
ferences in immune characteristics between the two
groups, such as the immune response mediated by cir-
culating immunoglobulin, primary immunodeficiency,
immune receptor activity, adaptive immune response
and immune response regulating signaling pathway
(Fig. 7A-C). To further systematically explore the differ-
ence in the immune landscape between the two groups,
immune cell components and immune scores were ana-
lyzed. The results showed that several immune cells were

significantly differentially expressed between the two
groups, including activated dendritic cells, neutrophils,
plasma cells and resting memory CD4 T cells (Fig. S4A,
B), while there were no significant differences in the
ESTIMATE score, immune score, stomal score or tumor
purity (Fig. S4C-F). Considering that the expression dif-
ference of most immune cells between the high- and
low-risk groups is not significant, we speculate that the
difference of immune characteristics revealed by GSEA
results between the two groups may be realized by affect-
ing the integrated function of immune cells.

To address this hypothesis, correlation analysis was
conducted. The results showed that the relationships
between immune cells in the two groups were similar,
some strong cell correlations existed in both the high-
and low-risk groups, such as resting NK cells positively
correlated with naive CD4 T cells and MO macrophages
negatively correlated with M2 macrophages (Fig. 7D, E).
Furthermore, correlations between immune cells and risk
score genes were analyzed in the two groups. The results
suggested that SLAMF7 and CD3G were closely related
to a series of immune cells (such as plasma cell, memory
CD4 T cells, follicular helper T cells, regulatory T cells
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and gamma delta T cells) in both the high- and low-risk  between some genes and immune cells, such as TBP with
groups (Fig. 7F, G). However, there were also significant  regulatory T cells in the high-risk group, as well as CA2
differences between the two groups in the correlation  with activated dendritic cells and SLC9A2 with naive B
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cells in the low-risk group (Fig. 7F, G). These prognostic
genes closely related with immune cells may be potential
synergistic targets to affecting the function of immune
cells, so as to improve the efficacy of immunotherapy
in OC patients. To screen potential synergistic drugs to
improve the efficacy of immunotherapy, potential drugs
targeting these hub genes were investigated by CellMiner
(Table S6).

Correlation between functional modules and immune cells
To further clarify the differences between the high- and
low-risk groups, WGCNA was conducted. According to
the results, we found that there were great differences
in the distribution of expression modules between
the two groups (Fig. 8A, B). Next, correlation analysis
was conducted between the functional modules and
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immune cells in the two groups. We found that cor-
relations between immune cells and functional mod-
ules were also different between the two groups. For
example, M1 macrophages were significantly positively
correlated with green modules in the high-risk group,
while gamma delta T cells and M1 macrophages were
positively associated with turquoise modules in the
low-risk group (Fig. 8C, D). In addition, some signifi-
cant correlations also existed in the two groups, such
as follicular helper T cells and regulatory T cells were
significantly negatively associated with turquoise mod-
ules (Fig. 8C, D). In this part, different functional mod-
ules are composed of different gene lists. The results
of WGCNA further confirmed that the difference of
immune characteristics between the two risk groups
may be achieved by the integrated roles between genes
and immune cells.
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Discussion

In recent years, the role of epigenetic modifications in
the pathogenesis of diseases has been gradually clarified
[37, 38]. As an important type of epigenetic modification,
DNA methylation has been reported to participate in the
process of disease occurrence, diagnosis, prognosis eval-
uation and treatment [10, 22, 39, 40]. In OC, DNA meth-
ylation also shows value in prognostic evaluation, but
the prediction efficiency is not particularly accurate, and
whether there are other values remains unclear [12, 13].

In this study, DNA methylation-related genes were
identified by comprehensively analyzing the DNA meth-
ylation data and transcriptome data of OC patients. Next,
a risk score signature for prognosis prediction was con-
structed based on the 12 prognostic genes (CA2, CD3G,
HABP2, KCTD14, PI3, SERPINB5, SLAMF7, SLC9A2,
STC2, TBP, TREML2 and TRIM27) screened by LASSO,
as well as subsequent univariate and multivariate Cox
analyses. After that, the prognostic value of this risk
score signature was further validated in large samples by
survival analysis in the training cohort (n=484) and two
validation cohorts, GSE9891 (n=276) and GSE32062
(n=260). Furthermore, to comprehensively analyze the
impact of the risk score and clinicopathological features
on prognosis, a prognostic nomogram was constructed.

Among the 12 prognostic genes, there is no relevant
research on CA2 (carbonic anhydrase II), CD3G, HABP2
(hyaluronan binding protein 2), KCTD14 (potassium
channel tetramerization domain containing 14), PI3
(peptidase inhibitor 3), SERPINB5 (serpin peptidase
inhibitor, ovalbumin member 5) and TREML2 (triggering
receptor expressed on myeloid cells-like 2) in OC.

Except for these genes, SLAMF7 has been identified as
a prognostic gene in OC combined with other noncod-
ing RNAs and genes [41]. SLC9A2 (solute carrier fam-
ily 9, member 2 of subfamily A) has been reported to be
drug resistant in OC cell lines [42]. STC2 (stanniocalcin
2) has been reported to participate in tumor proliferation
in vitro and in vivo [43]. TBP (TATA box binding protein)
has been reported to participate in the transcriptional
regulation of OC [44]. TRIM27 (tripartite motif contain-
ing 27) has also been reported to exert roles in the cell
proliferation and chemosensitivity of OC [45, 46]. How-
ever, the value of combined analysis of these genes in OC
remains largely unknown.

Immunotherapy is a promising therapeutic method
for a variety of tumors [14—16], but the response of OC
patients to immunotherapy remains very limited [20,
21]. Considering that it has been reported that the DNA
methylation state can affect the function of immune cells
and their response to immunotherapy [22-25], we sys-
tematically analyzed the relationship between the risk
score signature constructed by the methylation-related
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genes and immune landscape. The GSEA results showed
that there were significant differences in immune-related
gene sets between the high- and low-risk score groups.
Furthermore, the results of immune cell component
analysis revealed that the proportions of some immune
cells between the two groups were significantly different.
According to the results of the correlation analysis, the
correlation differences between immune cells and prog-
nostic genes and gene function modules were systemati-
cally identified between the two groups. Taken together,
the differences of immune characteristics between the
high- and low-risk groups had been confirmed by GSEA
in this study. Reasons for these differences were prelimi-
narily elucidated by the results of immune cell compo-
nents analysis and correlation analyses. These prognostic
genes may be potential synergistic targets to affecting the
function of immune cells, so as to improve the efficacy of
immunotherapy in OC patients.

There are still some limitations in our study. First, the
risk score signature was constructed based on 12 genes
quantified by microarray, which increases the difficulty
of its clinical application. Second, how to improve the
efficacy of immunotherapy according to the relation-
ships between DNA methylation-related genes and
immune cells needs to be verified by further experimen-
tal research and clinical trials.

Conclusion

In summary, a novel efficient DNA methylation-related
gene risk score signature and a prognostic nomogram
were constructed in our study for the 1-, 3-, 5- and 7-year
OS rate prediction of OC patients. In addition, the dif-
ference of immune characteristics between the high- and
low-risk groups separated by the methylation-related
risk score was reported for the first time in OC, which
broadened our horizon of finding synergistic therapeutic
targets to improve the efficacy of immunotherapy in the
future.

Abbreviations
OC Ovarian cancer

PARP Poly ADP-ribose polymerase

NSCLC Non-small-cell lung cancer

CAR-T Chimeric antigen receptor-T

TCGA The Cancer Genome Atlas

GEO Gene Expression Omnibus

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genomes
oS Overall survival

LASSO Least absolute shrinkage and selection operator
ROC Receiver operating characteristic curve

GSEA Gene set enrichment analysis

WGCNA  Weighted gene co-expression network analysis
HRS Hazard ratios

Cls Confidence intervals

BP Biological process

CcC Cellular component



Wang et al. Journal of Ovarian Research (2023) 16:62

MF Molecular function

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513048-023-01142-0.

Additional file 1: Fig. S1.The relationship between the expression levels
of the 36 DNA methylation-related genes and DNA methylation levels in
OC patients. Fig. S2. Differential expression status and survival analyses of
the 12 DNA methylation-related genes. Fig. $3. Validation of the differen-
tial expression status of these 12 genes in OC tumor tissues and adjacent
normal tissues of our center. Fig. S4. Immune analysis between the high-
and low-risk groups.Table S1. Clinicopathological features of the TCGA-
OC patients. Table S2. Univariate and multivariate Cox analyses of the 36
DNA methylation-related genes. Table S3. List of the 12 prognostic genes
and their corresponding risk coefficients. Table S4. The primer sequences
used in this study. Table S5. Univariate and multivariate Cox analyses of
the risk score and clinicopathological features. Table S6. Pearson correla-
tion between drug IC50 and gene expression.

Acknowledgements
None.

Authors’ Contributions

SW and JF conceived the study and analyzed the data. SW, XF and JF collected
and analyzed the data. All authors drafted the article and approved the final
manuscript.

Funding

This work was supported by the Major Scientific and Technological Projects
for collaborative prevention and control of birth defects in Hunan Province
(2019SK1010).

Availability of data and materials
The datasets analyzed in this study are available in the TCGA and GEO
databases.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 13 April 2022 Accepted: 19 March 2023
Published online: 29 March 2023

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram |, Jemal A, et al.
Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and
Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin.
2021;71(3):209-49.

2. Banerjee S, Moore KN, Colombo N, Scambia G, Kim BG, Oaknin A, et al.
Maintenance olaparib for patients with newly diagnosed advanced ovar-
ian cancer and a BRCA mutation (SOLO1/GOG 3004): 5-year follow-up
of a randomised, double-blind, placebo-controlled, phase 3 trial. Lancet
Oncol. 2021,22(12):1721-31.

3. Melamed A, Rauh-Hain JA, Gockley AA, Nitecki R, Ramirez PT, Hershman
DL, et al. Association between overall survival and the tendency for
cancer programs to administer neoadjuvant chemotherapy for patients
with advanced ovarian cancer. JAMA Oncol. 2021;7(12):1782-90.

20.

21.

22.

23.

24,

25.

26.

Page 13 of 14

Kuroki L, Guntupalli SR. Treatment of epithelial ovarian cancer. BMJ (Clini-
cal research ed). 2020;371:m3773.

Ray-Coquard |, Pautier P, Pignata S, Pérol D, Gonzélez-Martin A, Berger

R, et al. Olaparib plus bevacizumab as first-line maintenance in ovarian
Cancer.N Engl J Med. 2019;381(25):2416-28.

Min JL, Hemani G, Hannon E, Dekkers KF, Castillo-Fernandez J, Luijk R,

et al. Genomic and phenotypic insights from an atlas of genetic effects
on DNA methylation. Nat Genet. 2021;53(9):1311-21.

Peng D, Kryczek |, Nagarsheth N, Zhao L, Wei S, Wang W, et al. Epigenetic
silencing of TH1-type chemokines shapes tumour immunity and immu-
notherapy. Nature. 2015;527(7577):249-53.

Yan R, Gu C, You D, Huang Z, Qian J, Yang Q, et al. Decoding dynamic
epigenetic landscapes in human oocytes using single-cell multi-omics
sequencing. Cell Stem Cell. 2021;28(9):1641-56.e7.

Cai GX, Cai M, Feng Z, Liu R, Liang L, Zhou P. A multilocus blood-based
assay targeting circulating tumor dna methylation enables early detec-
tion and early relapse prediction of colorectal cancer. Gastroenterology.
2021;161(6):2053-2056.€2.

Papanicolau-Sengos A, Aldape K. DNA Methylation Profiling: An Emerg-
ing Paradigm for Cancer Diagnosis. Annua Rev Pathol. 2022;17:295-321.

. Wong CC, Xu J, Bian X, Wu JL, Kang W, Qian Y, et al. In Colorectal cancer

cells with mutant KRAS, SLC25A22-mediated glutaminolysis reduces DNA
demethylation to increase WNT signaling, stemness, and drug resistance.
Gastroenterology. 2020;159(6):2163-80.e6.

Zhou M, Hong S, Li B, Liu C, Hu M, Min J, et al. Development and valida-
tion of a prognostic nomogram based on DNA methylation-driven genes
for patients with ovarian Cancer. Front Genet. 2021;12:675197.

Guo W, Zhu L, Yu M, Zhu R, Chen Q, Wang Q. A five-DNA methylation
signature act as a novel prognostic biomarker in patients with ovarian
serous cystadenocarcinoma. Clin Epigenetics. 2018;10(1):142.

Elad S, Yarom N, Zadik Y, Kuten-Shorrer M, Sonis ST. The broadening scope
of oral mucositis and oral ulcerative mucosal toxicities of anticancer
therapies. CA Cancer J Clin. 2022;72(1):57-77.

Atanackovic D, Luetkens T. Biomarkers for checkpoint inhibition in hema-
tologic malignancies. Semin Cancer Biol. 2018;52(Pt 2):198-206.

Grant MJ, Herbst RS, Goldberg SB. Selecting the optimal immunotherapy
regimen in driver-negative metastatic NSCLC. Nat Rev Clin Oncol.
2021;18(10):625-44.

Finn RS, Qin S, lkeda M, Galle PR, Ducreux M, Kim TV, et al. Atezolizumab
plus bevacizumab in unresectable hepatocellular carcinoma. N Engl J
Med. 2020;382(20):1894-905.

Hugo W, Zaretsky JM, Sun L, Song C, Moreno BH, Hu-Lieskovan S, et al.
Genomic and transcriptomic features of response to anti-PD-1 therapy in
metastatic melanoma. Cell. 2016;165(1):35-44.

Shimabukuro-Vornhagen A, Béll B, Schellongowski P, Valade S, Metaxa V,
Azoulay E, et al. Critical care management of chimeric antigen receptor
T-cell therapy recipients. CA Cancer J Clin. 2022;72(1):78-93.

Moore KN, Bookman M, Sehouli J, Miller A, Anderson C, Scambia G,

et al. Atezolizumab, bevacizumab, and chemotherapy for newly diag-
nosed stage Il or IV ovarian cancer: placebo-controlled randomized
phase Il Trial (IMagyn050/GOG 3015/ENGOT-0V39). J Clin Oncol.
2021,39(17):1842-55.

Rocconi RP, Grosen EA, Ghamande SA, Chan JK, Barve MA, Oh J, et al.
Gemogenovatucel-T (Vigil) immunotherapy as maintenance in frontline
stage Ill/IV ovarian cancer (VITAL): a randomised, double-blind, placebo-
controlled, phase 2b trial. Lancet Oncol. 2020;21(12):1661-72.

Roy R, Ramamoorthy S, Shapiro BD, Kaileh M, Hernandez D, Sarantopou-
lou D, et al. DNA methylation signatures reveal that distinct combinations
of transcription factors specify human immune cell epigenetic identity.
Immunity. 2021;54(11):2465-80.e5.

Goldman N, Chandra A, Vahedi G. Transcription factors combine to paint
the methylation landscape. Trends in immunology. 2021;42(12):1060-2.
Molinaro AM, Wiencke JK, Warrier G, Koestler DC, Chunduru P, Lee JY, et al.
Interactions of Age and Blood Immune Factors and Non-Invasive Predic-
tion of Glioma Survival. J Natl Cancer Inst. 2022;114(3):446-57.
Garcia-Prieto CA, Villanueva L, Bueno-Costa A, Davalos V, Gonzélez-
Navarro EA, Juan M, et al. Epigenetic Profiling and Response to CD19
Chimeric Antigen Receptor T-Cell Therapy in B-Cell Malignancies. J Natl
Cancer Inst. 2022;114(3):436-45.

Huang YH, Cai K, Xu PP, Wang L, Huang CX, Fang Y, et al. CREBBP/EP300
mutations promoted tumor progression in diffuse large B-cell lymphoma


https://doi.org/10.1186/s13048-023-01142-0
https://doi.org/10.1186/s13048-023-01142-0

Wang et al. Journal of Ovarian Research

27.

28.

29.

30.

31.

32.

33

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

(2023) 16:62

through altering tumor-associated macrophage polarization via FBXW7-
NOTCH-CCL2/CSF1 axis. Signal Transduct Target Ther. 2021;6(1):10.

Avella Patino DM, Radhakrishnan V, Suvilesh KN, Manjunath Y, Li G, Kimchi
ET, et al. Epigenetic Regulation of Cancer Immune Cells. Semin Cancer
Biol. 2022,83:377-83.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers dif-
ferential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res. 2015:43(7):e47.

Yu G, Wang LG, Han'Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. 2012;16(5):284-7.
Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. J Stat Softw. 2010;33(1):1-22.
Blanche P, Dartigues JF, Jacgmin-Gadda H. Estimating and compar-

ing time-dependent areas under receiver operating characteristic
curves for censored event times with competing risks. Stat Med.
2013;32(30):5381-97.

Tothill RW, Tinker AV, George J, Brown R, Fox SB, Lade S, et al. Novel
molecular subtypes of serous and endometrioid ovarian cancer linked to
clinical outcome. Clin Cancer Res. 2008;14(16):5198-208.

Yoshihara K, Tsunoda T, Shigemizu D, Fujiwara H, Hatae M, Fujiwara H,

et al. High-risk ovarian cancer based on 126-gene expression signature

is uniquely characterized by downregulation of antigen presentation
pathway. Clin Cancer Res. 2012;18(5):1374-85.

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-
Garcia W, et al. Inferring tumour purity and stromal and immune cell
admixture from expression data. Nat Commun. 2013;4:2612.

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics. 2008;9:559.

Fu J, Liu G, Zhang X, Lei X, Liu Q, Qian K, et al. TRPM8 promotes hepatocel-
lular carcinoma progression by inducing SNORA55 mediated nuclear-
mitochondrial communication. Cancer Gene Ther. 2023. Online ahead of
print.

Zhang D, Tang Z, Huang H, Zhou G, Cui C, Weng Y, et al. Meta-

bolic regulation of gene expression by histone lactylation. Nature.
2019;574(7779):575-80.

Smeeth D, Beck S, Karam EG, Pluess M. The role of epigenetics in psycho-
logical resilience. Lancet Psychiatry. 2021;8(7):620-9.

Ferris MA, Smith AM, Heath SE, Duncavage EJ, Oberley MJ, Freyer D,

et al. DNMT3A Overgrowth Syndrome is associated with the develop-
ment of hematopoietic malignancies in children and young adults.
Blood. 2022;139(3):461-64.

Goeppert B, Stichel D, Toth R, Fritzsche S, Loeffler MA, Schlitter AM, et al.
Integrative analysis reveals early and distinct genetic and epigenetic
changes in intraductal papillary and tubulopapillary cholangiocarcino-
genesis. Gut. 2022;71(2):391-401.

Zhang Y, Ye Q He J, Chen P, Wan J, Li J, et al. Recurrence-associated multi-
RNA signature to predict disease-free survival for ovarian cancer patients.
Biomed Res Int. 2020;2020:1618527.

Januchowski R, Zawierucha P, Andrzejewska M, Ruciniski M, Zabel M.
Microarray-based detection and expression analysis of ABC and SLC
transporters in drug-resistant ovarian cancer cell lines. Biomed Pharma-
cother. 2013;67(3):240-5.

HuH,Yin S, Ma R, Chen R, Li S, Chen'Y, et al. CREBBP knockdown
suppressed proliferation and promoted chemo-sensitivity via PERK-
mediated unfolded protein response in ovarian cancer. J Cancer.
2021;12(15):4595-603.

Ribeiro JR, Lovasco LA, Vanderhyden BC, Freiman RN. Targeting TBP-
Associated Factors in Ovarian Cancer. Front Oncol. 2014;4:45.

Ma'Y, Wei Z, Bast RC Jr, Wang Z, Li Y, Gao M, et al. Downregulation of
TRIM27 expression inhibits the proliferation of ovarian cancer cells in vitro
and in vivo. Lab Invest. 2016;96(1):37-48.

Jiang J, Xie C, LiuY, Shi Q, Chen Y. Up-regulation of miR-383-5p sup-
presses proliferation and enhances chemosensitivity in ovarian cancer
cells by targeting TRIM27. Biomed Pharmacother. 2019;109:595-601.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 14 of 14

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	A novel DNA methylation-related gene signature for the prediction of overall survival and immune characteristics of ovarian cancer patients
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Material and methods
	Data acquisition and processing of the training cohort
	Functional enrichment analysis
	Acquisition and processing of the clinicopathological features
	Screening of the prognostic DNA methylation-related genes and the construction of risk score signature
	External validation of the prognostic value of the risk score signature
	Evaluation of the prognostic values of the clinicopathological features
	Gene set enrichment analysis (GSEA) and immune analysis
	Quantitative real-time PCR (qPCR)
	Immunohistochemistry (IHC) staining
	Statistical analysis

	Results
	Identification of DNA methylation-related genes
	Functional enrichment analysis
	Construction and evaluation of the prognostic risk score signature
	Evaluation of the prognostic values of the clinicopathological features
	GSEA and immune analyses
	Correlation between functional modules and immune cells

	Discussion
	Conclusion
	Anchor 28
	Acknowledgements
	References


